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Recognizing Skeleton-Based Actions As Points

Baigiao Yin'2, Jiaying Lin'2, Jiajun Wen?®, Yue Li®, Jinfu Liu®, Yanfei Wang® and Mengyuan Liu">T

Abstract— Recent advances in skeleton-based action recogni-
tion have been primarily driven by Graph Convolutional Net-
works (GCNs) and skeleton transformers. While conventional
approaches focus on modeling joint co-occurrences through
skeletal connections, they overlook the inherent positional in-
formation in 3D coordinates. Although Hyper-graphs partially
address the limitation of pairwise aggregation in capturing
higher-order kinematic dependencies, challenges remain in their
topological definitions. To solve these problems, this paper
proposes a skeleton-to-point network (Skeleton2Point) to model
joints’ position relationships directly in three-dimensional space
without fixed topology limitation, which is the first to regard
skeleton recognition as point clouds. However, simply consid-
ering the raw 3D coordinates would result in the loss of the
anatomical identity of each keypoint and its temporal position in
the sequence. To address this limitation, we augment the three-
dimensional spatial coordinates with two additional dimensions:
the anatomical index of each keypoint and its corresponding
frame number with a proposed Information Transform Module
(ITM). This transformation extends the representation from a
three-dimensional to a five-dimensional feature space. Further-
more, we propose a Cluster-Dispatch-based Interaction module
(CDI) to enhance the discrimination of local-global information.
In comparison with existing methods on NTU-RGB+D 60 and
NTU-RGB+D 120 datasets, Skeleton2Point has demonstrated
state-of-the-art performance on both joint modality and stream
fusion. Especially, on the challenging NTU-RGB+D 120 dataset
under the X-Sub and X-Set setting, the accuracies reach 90.63 %
and 91.92%.

I. INTRODUCTION

Human action recognition is an extremely important task
in the field of computer vision, which also has great research
value and broad application prospects in education [1],
human-computer interaction [2], and content-based video
retrieval [3]. For human action videos, various modalities
derived from rich multimedia are beneficial to the recognition
task, including RGB, optical flow, and human skeletons.
Among them, skeleton-based action recognition algorithms
have attracted many researchers due to their robustness
against the variation of appearance and background. Skeleton
data contain 3D human joint coordinates and their connection
matrix, representing information about the joint’s position
and the bone connections between them.
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Fig. 1: Conventional GCN-based and Hyper-graph-based methods
heavily rely on dense graphs to build the relations among joints.
However, the 3d coordinate channels also contain the relative
positional information in 3d space, which almost all existing works
neglected. By treating the joint coordinates as a point cloud, we
could model the joints’ position relations in 3d space.

A typical way to use skeletons for action recognition
is to build Graph Convolutional Networks (GCNs). Since
[4] proposed STGCN to model skeletal data as a spatio
temporal graph structure, graph convolutional networks have
developed rapidly. The joints and bones in the human body
naturally form graphs, which makes GCNs a perfect tool for
extracting topological features of skeletons. More recently,
a limitation of GCNs has been identified, i.e., the topology
is fixed after training. To relax such a restriction, the Self-
Attention (SA) mechanism has been adopted to make the
topology of GCNs adaptive to the input, resulting in the
state-of-the-art hybrid models ([5][6]). There are also several
works like [7][8] that leverage hyper-graph to reveal the
underlying issue of graph models in general, i.e., pairwise
aggregation essentially ignores the high-order kinematic de-
pendencies between body joints. However, these all methods
are limited to the modeling of topology structure between
joints, heavily rely on dense graphs to build the relations
among joints, neglecting to model the implicit relative
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positional information contained in the 3D coordinates
channel itself, as illustrated in Fig 1.

To solve the above problem, we propose a skeleton-to-
point network (Skeleton2Point) that consists of two trunk
branches. The human skeletal structure is represented by
several keypoints per frame, each with three-dimensional
coordinates, across multiple temporal frames. Rather than
treating these keypoints conventionally, we propose viewing
the entire sequence as a unified point cloud. However,
simply considering the raw 3D coordinates would result in
the loss of crucial information - specifically, the anatomi-
cal identity of each keypoint and its temporal position in
the sequence. To address this limitation, we augment the
three-dimensional spatial coordinates with two additional
dimensions: the anatomical index of each keypoint and its
corresponding frame number. Next, FPS and kNN are used to
sample and model the position relations between the points,
then a point cloud information extractor is leveraged to
extract latent features. We also propose a Cluster-Dispatch-
based interaction module to enhance the discrimination of
local-global information. The results from both branches are
integrated to make final predictions. By leveraging the pro-
posed Skeleton2Point, we better capture spatial relationships
between joints to achieve better human action recognition.

Our main contributions can be summarized as follows:

e To our best knowledge, we are the first to regard
skeleton joints as point clouds while incorporating the
spatial and temporal information into point cloud meth-
ods, demonstrating the validity of modeling position
relationships with 3D coordinates.

e We devise a novel information transformation module
(ITM) to merge the original time and series information
and the joint coordinates information. We also propose
a Cluster-Dispatch-based interaction module (CDI) to
focus on overall movement trends.

o« We conduct extensive experiments on NTU-RGB+D
60 and NTU-RGB+D 120 datasets to compare our
proposed method with the state-of-the-art models in
the joint stream and multi-streams. Experimental re-
sults demonstrate the significant improvement of our
method. In the most challenging NTU120_XSub&XSet,
our method achieves sota by a large margin.

II. RELATED WORKS
A. Skeleton Based Human Action Recognition

Inspired by the development of Graph Convolutional Net-
works (GCN), Spatial-Temporal GCNs are used to extract
high-level features from skeletons since the joints and bones
in the human body naturally construct a graph. An early
application of GCN on skeleton-based action recognition is
STGCN [4], which uses stacked GCN blocks to process
skeleton data, while each block consists of a spatial module
and a temporal module. [9] proposed a channel-wise topol-
ogy graph convolution, which models channel-wise topology
with a refinement method.

Recently, transformers have also been explored in
skeleton-based action recognition. [5] and [10] unified spatial

and temporal modeling within the transformer via segment
temporal aggregation and physical connectivity constraints in
which way the topology of the human body is fully exploited.
[11] is proposed with comprehensive high-performance spa-
tial temporal attention design and topological information
fusion. Nevertheless, due to the lack of a module focusing on
position information extracting, the methods above couldn’t
achieve excellent local-global positional relationship capture.

B. Point Cloud Classification

The major method for processing the point clouds is point-
based modeling. [12] is a pioneering work that successfully
applies deep architecture on raw point sets, with shared
multi-layer perceptrons (MLP) used. PointNet++ [13] is built
on top of PointNet [12], which learns hierarchical point
cloud features and can aggregate features in local geometric
neighbors. Recently, PointNeXt [14] explored more advanced
training and data augmentation strategies with the Point-
Net++ backbone to further improve accuracy and efficiency.
Point Transformer proposes a modified Transformer architec-
ture that aggregates local features with vector attention and
relative position encoding [15]. Following them, some works
have extended the point-based methods to various local
aggregation operators such as PointConT [16], achieving a
sota of categorization tasks by combining various outstanding
modules in point-based modeling. Point cloud models show
excellent performance in learning 3D coordinate information,
and the joint modality of skeleton data also consists of 3D
coordinate information of each joint. So naturally, we think
of using point cloud models to deep-dive into the position
relationships of skeleton joints. However, there is no similar
exploration in existing works, so we propose Skeleton2Point,
which learns the skeleton joints’ feature along with three-
dimensional position information using point cloud methods.

III. METHOD

A. Human Skeleton Learning

Backbone. Transformer-based methods have achieved
success in skeleton-based action recognition due to their
unique advantages in modeling joint relations. Our Skele-
ton2Point also embraces graph transformer as the backbone
to model skeleton features. The input of our model is a
sequence of skeletons with a shape of 7' x V x 3, which
means 1" frames of V' joints in a 3D space. We build our
approach on [11]. The backbone consists of 10 basic graph
transformers. A graph transformer is typically composed
of a spatial transformer and a temporal transformer. The
normal spatial transformer utilizes the attention matrix A;
and adjacency matrix A; for aggregate features of neighbor
vertices to update the features f;, which can be expressed as
follows:

= N VA, (1)

Vi = Convyx (split,, (trans, (£1"))). (2)
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Fig. 2: Framework of our proposed Skeleton2Point. It leverages a dual-learner approach. The human skeleton learner feeds compact
skeletal representations in the skeleton transformer network, which is composed of a spatial transformer block and a temporal transformer
block. In the point cloud learner, skeleton data is transformed into point cloud’s form with a proposed Information Transform Module
(ITM), which fills the channel information with the spatial and temporal serial number. Then, several point cloud learning layers are
adopted to extract deep position features. The point cloud learning level is made of three key layers: Sampling layer, Grouping layer, and
Point cloud extract layer. We also use a Cluster-Dispatch-based Interaction module (CDI) to enhance the discrimination of local-global
information. Finally, we adopt a weight search algorithm based on Gaussian Process Bayesian Optimization for the final fusion.

where A can be defined as the attention matrix A;, static
(defined manually) adjacency matrix A; and dynamic ad-
jacency matrix Ay (initialized manually but learnable). The
Eq 2 denotes the multi-head mechanism in self-attention that
our model used and the attention matrix A; is calculated as
follows:

@, K = o (linear (pool (split (f)))), 3)
A; = softmax (atten (@, K)) . 4)

Our Skeleton2Point feeds the joint modality skeleton into
ten dynamic graph transformer blocks for feature extraction.
Multi-stream strategy [11] is specifically used for residual
information to extract key information twice for the final
classification.

B. Point Cloud Learning

From Skeleton to Point Clouds. In the point cloud
branch, we propose the information transform module (ITM)
to transform the skeleton data into point cloud’s form as
shown in Fig.3. Given an input skeleton S € R3*T*V,
we begin by filling the channel information with the spatial
and temporal serial numbers of each joint S; ;, where each

joint’s serial number is presented as [T — 0.5, % - 0.5} . The

improved skeleton is then converted to a collection of point
clouds P € R5*N where n = T x V is the number of
points, and each point contains both position (coordinates)
and spatial-temporal serial information.

Point Cloud Set Feature Learning. After modality trans-
formation, several point cloud learning levels are adopted to
extract deep position features. The point cloud learning level
is made of three key layers: Sampling layer, Grouping layer,
and Point cloud extract layer. The Sampling layer selects a
set of points from input points, which defines the centroids of
local regions. The grouping layer then constructs local region
sets by finding “neighboring” points around the centroids.
The point cloud extract layer uses [16] as lite-backbone and
[17] as heavy-backbone to encode local region patterns into
feature vectors. We introduce the layers of a point cloud
learning level in the following paragraphs.

o Sampling layer. Given input points
{z1,22,..., 2}, we use iterative farthest point
sampling (FPS) to choose a subset of points
{®i,, 2y, ..., 24, } . such that x;; is the most

distant point with {;,,;,,...,2;,_1 }regard to the
rest points. Compared with random sampling, it has
better coverage of the entire point set given the same
number of centroids.
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o Grouping layer. We use k-nearest neighbor (kNN) for
grouping. The input to this layer is a point set of size
N x (d+ C) and the coordinates of a set of centroids
of size N’ x d. The output is groups of point sets of
size N’ x K x (d+ C'), where each group corresponds
to a local region and K is the number of points in the
neighborhood of centroid points. Note that K varies
across groups but the succeeding Point cloud extract
layer can convert a flexible number of points into a
fixed-length local region feature vector and we set the
number K to 24.

« Point cloud extract layer. In this layer, the input are N’
local regions of points with data size N’ x K x (d+C).
Each local region in the output is abstracted by its
centroid and local feature that encodes the centroid’s
neighborhood. Output data size is N’ x (d + C).
We choose PointConT [16] as the lite building block
and PointMLP [17] as the heavy building block for
local pattern extracting. It is noted that the detailed
implementation of the block is not the main concern
of our method. The implementation of the point cloud
extract unit can be replaced by any other point cloud
network module.

Cluster-Dispatch based interaction module. Inspired by
the [18], we also propose a Cluster-Dispatch-based interac-
tion module (CDI) to make the point cloud backbone focus
on the overall movement trends. Suppose an action sample
contains m points and the center is ¢, all m points in the
sample are aggregated by global averaging to get the center
point. Assuming the similarity between the m points and the
center is s € R™, we obtain p, € R™*% by mapping these
m points to the value space, where d’ is the value dimension.
Similarly, there is a clustering center ¢, in the value space
and the clustering feature f € R% can be written as:

f:l <U (Zasz'i'ﬁ) 'pv+cv>a
v =1

m &)
s.t, ¥ = 1—|—Za(asi+6).
i=1

Here o and [ are learnable scalars to scale and shift the
similarity. o() is a sigmoid function to re-scale the similarity
to (0, 1) and s; denotes the similarity between the i-th
point and the center. To dispatch the feature, the aggregated
features f are adaptively assigned to each point in the action
sample, allowing the points to communicate with each other
and share features from all points by:

P, = p; + FC(sig(aws; + B) - f). (6)

In the original space, p; denotes the i-th point and p} denotes
the point after reallocation. Ablation experiments in Table I.
demonstrate the effectiveness of the proposed modules.

C. Gaussian Search Method based Fusion

We validate the model under the joint modality only
and 6-stream fusion (6s), respectively. The joint modality

TABLE I: Ablation studies of point cloud branch on the NTU-
RGB+D 60 and NTU-RGB+D 120 datasets with the joint input
modality in lite point cloud branch.

Point | ITM CDI CDI NTU-RGB+D 60 | NTU-RGB+D 120
Extractor (parallel) | (cascade) X-Sub X-Sub
Lite X X X 81.22 69.35
Lite v X X 84.1112-89 79.1419-79
Lite v v X 84.621 3-40 79.671 1032
Lite v X v 84,751 353 80.177110-82

TABLE 1II: Ablation studies of point cloud branch on the NTU-
RGB+D 60 dataset with the joint input modality in heavy point
cloud branch.

Point Extractor | ITM | CDI | NTU-RGB+D 60(X-Sub)
Heavy X | X 81.39
Heavy v X 88.1716.78
Heavy v v 88.561 7-17

only is used because joints contain 3D coordinates same as
point clouds, so we want to verify that the deep position
feature that point cloud learning had extracted would help the
skeleton backbone learn the joint position complementarily.
Following prior work [19], the input of multiple streams
refers to X), = (I—Pk) X, where £ = 1,2,..., K, and
K is set to 2 in NTU-RGB+D 60 dataset.

In a fusion of skeleton and point clouds, fixed parameters
limit the performance of each model and make it difficult
to achieve optimal results. We follow the weight search
algorithm [20] based on Gaussian Process Bayesian
Optimization. This algorithm effectively finds the best
solution by constructing a probabilistic model of the
objective function. Given an objective function f(z) and
initial samples P = {(xi7yi)}f\[:1, where z; represents the
input and y; = f(x;) represents the observed output. The
goal is to find the global optimum x of f(x) within the
search space X’. The iteration continues until convergence,
determined by a predefined number of iterations or
convergence criteria.

IV. EXPERIMENTS
A. Datasets

NTU RGB+D 60[36] is a large-scale human action recog-
nition dataset collected in an indoor environment, containing
56,880 skeleton action sequences. NTU RGB+D 120 [37]
is currently the largest dataset with 3D joints annotations for
human action recognition, which extends NTU RGB+D with
an additional 57,367 skeleton sequences over 60 extra action
classes.

B. Implementation Details

We follow previous work [9] to process the two datasets
and all skeleton sequences are padded to 64 frames. We
used Stochastic Gradient Descent (SGD) as the optimizer and
cross-entropy as the loss function. On the skeleton branch,
we adopt [11] as the human skeleton backbone. In the first 5
epochs, we apply a warmup strategy for stable training. The
initial learning rate is set to 0.1 and we decrease it at epoch
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TABLE III: Recognition accuracy comparison against state-of-the-art methods on NTU-RGB+D 60 and NTU-RGB+D 120 datasets under
the joint and multi-stream modality. Bold text denotes optimal performance, dagger marks t indicate second-best.

Type Methods Publisher NTU-RGB+D 60 Joint NTU-RGB+D 120 Joint NTU-RGB+D 60 NTU-RGB+D 120
P X-Sub(%) | X-View(%) | X-Sub(%) | X-Set(%) | X-Sub(%) | X-View(%) | X-Sub(%) | X-Set(%)
Shift-GCN[21] CVPR20 87.80 95.10 30.90 83.20 90.70 96.50 85.90 87.60
MS-G3D[22] CVPR20 88.77 94.88 82.35 84.14 91.50 96.20 86.90 88.40
CTR-GCN[9] ccv’2i 88.95 90.23 84.95 86.68 92.40 96.80 88.90 90.60
GON MSTGCN[23] AAAI2] 89.00 95.10 82.80 84.50 92.30 91.50 87.50 88.80
EfficientGCN[24] TPAMI’22 - - - - 92.10 96.10 88.70 88.90
Info-GCN[19] CVPR'22 89.80 95.20 85.10 86.30 93.00 97.10 89.80 91.20
FR-Head[25] CVPR’23 90.33 95.26 85.51 87.32 92.80 96.80 89.50 90.90
KoompanPool.[26] CVPR’23 90.20 95.20 85.70 87.40 92.90 96.80 90.00 91.30
HD-GCN[27] ICCV’23 90.60 95.70 85.70 87.30 93.40 97.501 89.20 91.10
DS-GCN[28] AAAI'24 - - - - 93.10 97.20 90.10 91.60
BlockGCN[29] CVPR’24 90.90 95.40 86.90 88.20 93.10 97.00 90.30 91.50
MMCL[30] ACMMM’24 - - - - 93.50f 97.40 90.30 91.70
Hyper-GNN[31] TIP’21 - 89.50 95.70 - -
Hypergraph DHGNN[32] CoRR’21 - 90.70 96.00 86.00 87.90
Selective-HCN[8] ICMR’21 - 90.80 96.60 - -
SD-HGCN[7] ICONIP’21 - - - - 90.90 96.70 87.00 88.20
STF[5] AAAT'22 91.34 96.46 85.06 86.40 92.47 96.86 38.85 89.92
Transformer ST&ST[33] ACMMM’23 90.90 95.40 85.80 87.90 93.10 96.70 89.80 91.20
TranSkeleton[10] TCSVT’23 - - - - 92.80 97.00 89.40 90.50
JT-GraphFormer[34] AAAI'24 91.80f 96.80 87.60 89.60 93.40 97.50 89.90 91.70
FreqMixFormer[35] ACMMM’24 91.50 96.00 87.90 89.10 93.60 97.40 90.50 91.90%
Baseline(SkeMixFormer) = 90.73 95.76 35.82 87.64 93.20 97.20 90.20 91.50
Skeleton2Point(Lite) 91.50 96.28 88.621 89.92f 93.32 97.35 90.501 91.76
Skeleton2Point(Heavy) 92.07 96.707 88.93 90.34 93.41 97.51 90.63 91.92

TABLE IV: Comparison of parameter, computation cost when
training&inferring and accuracy on the NTU-RGB+D 120 cross-
subject Protocols.

Methods Publisher Modality Param Flops NTUI120
DRDIS[38] TCSVT’21 | Depth+RGB | 171.98M | 27.92G | 81.30
VPN[39] ECCV’20 Ske+RGB 24.00M - 86.30
MMNet([40] TPAMI’22 | Ske+RGB 14.40M 19.2G 88.70
EPPNet[41] TRIT24 Ske+Parsing | 25.27M 7.84G 86.70
STAR-Transformer[42] | WACV24 Ske+RGB 58.49M 18.67G | 90.30
Skeleton2Point(Lite) 2024 Ske+PC 16.98M 5.78G 90.20
Skeleton2Point(Heavy) | 2024 Ske+PC 25.87TM 10.27G | 90.63

TABLE V: Comparison of different sampling and grouping methods
in NTU-RGB+D 60 under the X-Sub setting.

Sampling Grouping Acc(%)
Random sample kNN 82.43
FPS Ball(R=0.1) 80.12
FPS Ball(R=0.2) 81.94
FPS kNN 84.751 232

35 and 55 with a factor of 0.1. We train all models with
90 epochs and select the best performance with a batch size
of 128. On the point cloud branch, we adopt [16] as the lite
point cloud information extractor and [11] as the heavy point
cloud information extractor. The training epoch and learning
rate are set to 250 and 0.01 respectively, while the batch size
is also set to 128. In the skeleton branch, the base channel C
is set to 80, and the hidden channel C}, is set to 320. In the
point cloud branch, the base channel C' is set to 64, and the
hidden channel Cj, is set to 1024. Please refer to our code
for more details.

C. Ablation Study

Ablation experiments of different components. In Ta-
ble I and II, we experimentally validate the importance of the
components in both lite point cloud branch and heavy point
cloud branch, where CDI (parallel) denotes the CDI module
is paralleled with the MLP in point cloud information extrac-
tor and CDI (cascade) denotes the CDI module is cascaded

with the MLP in point cloud information extractor. Table II
shows that the branch without ITM has a performance drop
of 2.9% and 9.8% on the NTU-RGB+D 60 dataset under the
X-Sub setting and NTU-RGB+D 120 dataset under the X-
Sub setting respectively. The result drops by 0.64% without
using the CDI, which shows that the position modeling
needs to interact with global-local information and focus
on overall movement trends. In addition, the result of using
cascade CDI outcompeting using parallel CDI by a margin of
0.3% reflects the cascade structure’s advantage and is more
beneficial for supporting position modeling with point cloud
methods.

Parameter and computation cost. Additionally, we show-
case the parameter and computation cost required for the
proposed Skeleton2Point in Table IV. Compared with other
multi-branch methods using different modalities like RGB
and depth, our Skeleton2Point achieves better performance
and lower cost using skeleton and point clouds, demon-
strating the validity and efficiency of modeling position
relationships with point cloud methods in skeleton-based
action recognition.

Ablation Study on Sampling and Grouping methods. To
validate that the sampling and grouping methods (FPS+kNN)
are suitable for the skeleton action recognition tasks, we
also evaluate different sampling methods like random sample
and grouping methods like ball query on NTU-RGB+D 60
dataset under the X-Sub setting with the joint input modality
in Table V.

D. Comparison with Related Methods

Our proposed Skeleton2Point method is compared with
the state-of-the-art methods on two different datasets: NTU-
RGB+D 60 and NTU-RGB+D 120 datasets with the joint
input modality to verify the competitive performance. Espe-
cially, only the joint stream dataset without bone and motion
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flick hair 4.87
make ok sign 4.35
side kick 3.65
make a phone call/answer phone 3.64
make victory sign 3.5
walking apart from each other 3.39
eat meal/snack 33
blow nose 3.3
kicking something 3.28
bounce ball 3.14
shake fist 3.14
grab other person'’s stuff 3.13
take a photo of other person 3.12
exchange things with other person 2.43

-4.04 reading

-4 -2 0 2 4
Accuracy comparison

Fig. 3: Visualization of the top-15 actions with the highest change
when the human skeleton branch is integrated with the point cloud
branch for NTU-RGB+D 120 dataset under the X-Sub setting.

is used for a fair comparison because joints contain 3D
coordinates the same as point clouds. If the bone or motion
stream datasets were used, point cloud methods couldn’t be
well-compatible. Both the best results of all the methods
shown in Table III are reported in the original papers.
The comparison methods include GCN-based, Hyper-graph
based, and transformer-based methods. Popular GCN-based
methods (the upper 12 solutions in Table III) improve ST-
GCN by constructing skeleton graphs with dynamic topolo-
gies to increase the receptive field of graph convolution.
Recently proposed transformer-based methods (the last 5
solutions in Table III) treat each joint of the human skele-
ton as a token and use spatial and temporal self-attention
operators to capture feature dependencies. Using a much
more compact branch to model three-dimensional position
relation and transformer-based network, our Skeleton2Point
achieves comparable performance with the existing methods.
Especially, in the most challenging NTU-RGB+D 120 under
the X-Sub and X-Set settings, Skeleton2Point has reached
state-of-the-art accuracy, which is extremely promising.

E. Visualization

Top-15 change analysis. To better illustrate the fusion
effect of the human skeleton branch and point cloud branch,
we visualize the top-15 actions with the highest change
when the human skeleton branch is integrated with the point
cloud branch on the most challenging benchmark, NTU-
RGB+D 120 dataset under the X-Sub setting in Fig 3.
SkeletonPoint (Ours) shows a substantial improvement in
accuracy over the Skeleton branch baseline for all actions
except the “reading” action. This observation proves that the
introduction of point cloud information as an aid is beneficial
for the model to further learn human actions. Secondly, point
cloud information performs better on actions with larger
motion amplitudes, where the accuracy of actions with more
significant motions such as “flick hair” and “make ok sign”
improves significantly, while the accuracy of actions with
smaller motions such as “reading” decreases. An important
reason for this change is that the point cloud information is
sampled with FPS, making it easier for the point cloud model
to capture the details of the motion and the overall trajec-
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Fig. 4: Visualization of skeleton-based actions and corresponding
point clouds.

tory. For motions with larger motion amplitude that have
more dispersed feature points in the point cloud data, FPS
covers a wider range of motion trajectories, thus improving
the accuracy for motions with larger motion amplitude; In
contrast, for actions with smaller motion amplitude, the point
cloud density is relatively low, resulting in relatively fewer
feature points sampled, which may then be overlooked.
Visualization. We visualize the down sample process during
the point cloud learner extracting the spatial information of
point clouds in Fig. 4. As for the visualization methods,
we use matplotlib-3d for the skeleton and open3d for point
clouds.

V. CONCLUSION

This paper proposes Skeleton2Point, a new representation
learning framework for improved skeleton-based action
recognition, which explores the learning mechanism of
joints’ position information by regarding joints as point
clouds. Different from previous methods that neglect to
model the positional information, our Skeleton2Point is the
first to leverage point cloud methods into skeleton-based
action recognition in a dual-branch approach. The method
simultaneously demonstrates the validity of modeling
position relationships with 3D coordinates in skeleton-
based action recognition. Finally, the efficacy of our
Skeleton2Point is well validated by thorough experiments
on the NTU-RGB+D 60 and 120 datasets.
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